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Abstract: Understanding perceptions of water quality held by residents is critical to address gaps
in public awareness and knowledge and may provide insight into what defines communities that
are more/less resilient to changing water conditions locally. We sought to identify spatial patterns
of water quality perceptions gathered in a survey of Southern West Virginia (WV) residents during
spring/summer 2018. Using over 500 survey responses across 15 counties, we calculated spatial
autocorrelation metrics and modeled the relationships between overall water quality perceptions
and county-level socioeconomic endpoints, such as poverty rate, per capita income, and education
level. We identified significant differences across counties labeled as socioeconomically “transitional”,
“at-risk”, and “distressed”, as it pertained to responses for water quality perceptions, education
level, and income level. We also found significant positive relationships between overall water
quality perceptions, elevation, and income level. We calculated an empirical semivariogram
and fit an exponential model to explain a significant autocorrelation pattern within a range of
104.2 km. Using that semivariance function, we created a kriging interpolation surface across the
study area to identify significant clusters of water quality perceptions. This work highlights the
influence of location on water quality perceptions within Southern West Virginia, but the analytical
framework should be considered in further research, when samples are spread across large areas
with varying socioeconomics.
Keywords: water quality; environmental perceptions; human dimensions; spatial models; socioeconomics

1. Introduction
Water quality may be both broadly and specifically defined across chemical and biological
continuums [1]. Endpoints such as pH, conductivity, total dissolved solids, and temperature are often
cited as criteria for evaluation of the quality of water and aquatic environments [2,3]. Collection and
measurement of water quality information is also a major component used for legal protection of waters
of the United States under provisions of the Clean Water Act (CWA) as amended in 1972. Since the
passage of the amended CWA, public awareness of water quality has been increasing, with concerns
mostly about the physical, chemical, and biological conditions following dramatic crises, such as the
Cuyahoga River fire of 1969 [4] or the Exxon Valdez spill in 1989 [5]. Understanding what water
quality conditions exist, how they are changing, and how they are perceived or understood is a critical
challenge that exists as much today as it has in the past throughout the world.
While the physiochemical endpoints are important for defining water quality as it pertains to
the functionality of ecosystems and the services they provide [6], it is also important to define the
level of awareness/perception of water quality by people living in a given area. Public awareness and
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knowledge of local conditions is valuable, as it may help create a sense of place or place attachment
which may be linked to social, economic, and environmental benefits [7,8]. Sense of place is a
multidimensional concept (person, place, and process) which refers to the way in which a person
relates to and perceives the natural environment. People develop a sense of place as they get to know
an area, depend on its natural resources, and assign the place meaning and value [9,10]. As a result
of this development, a strong sense of place can lead to benefits such as an increase in visitation and
economy, social bonding, support for conservation, and the promotion of sustainable uses of natural
resources [7,10].
Over time, this can influence a community’s ability to perceive risks and adapt to changes in the
quality of their natural resources [11,12]. Communities which are more aware and/or knowledgeable of
environmental conditions, such as relative water quality, may be more resilient to changes in resource
use, climate, and policy [13]. In contrast, a community largely unaware of resource conditions related
to water quality may be more vulnerable to deterioration of water quality and its associated negative
health effects [14,15]. This contrast may occur across space, both locally and regionally, which interacts
with other important factors, such as income and education, to influence quality of life for residents.
Previous studies have suggested the relevance of socioeconomic and demographic variables
in explaining peoples’ perceptions of environmental conditions and how they may respond to
environmental issues at both the individual and community level [16,17]. For example, age, income,
and length of residency have been significant factors predicting perceptions of water quality and
health risks [11,16]. However, a general conclusion about these variables is difficult, as the direction
and intensity of their relationship differ from place to place [18]. Research suggests that location of
residence and proximity are important in explaining correlations between water quality perceptions
and socioeconomic factors [19].
Defining the spatial patterns of public perceptions of water quality requires a baseline
understanding of the setting across space and time. For example, within the Appalachian region of the
US, a legacy of resource extraction [20], poverty [21], and pollution issues [22] all interact to define the
current conditions that residents experience. Within Appalachia, small cities and towns exist, and such
areas juxtapose relatively intact forests, rivers, and streams, within some of the oldest mountains
on the planet. In particular, Southern West Virginia (WV) has experienced the ebbs and flows of
extractive industries from timber harvesting and coal mining, bringing with them both prosperity
and fallout [21]. This applies both economically and environmentally, as these industries left behind
issues with sedimentation, acid mine drainage, and others which impact water quality. One of the
more recent events occurred in January of 2014, when approximately 10,000 gallons of chemicals
used to process coal spilled from a storage tank into the Elk River [23]. The Elk River is a primary
municipal water source, serving about 300,000 people in the Charleston, WV area. Incidents such
as this can have long-lasting impacts on the environment, economy, public health, and well-being.
Thus, an understanding of public perceptions is important when it comes to water resource treatment,
management, and policy-making. While economic and environmental impacts may be identified and
illustrated in distinct units, human perceptions of water quality conditions may operate across more
diffuse boundaries which are not strictly defined by census blocks or watershed boundaries [16,17].
Therefore, the main objective of this study was to identify spatial patterns of water quality perceptions
in Southern WV as they relate to location and socioeconomic endpoints.
2. Materials and Methods
2.1. Data Collection
In the spring (February–May) and summer (June–August) of 2018, a water quality perceptions
survey was created and distributed by West Virginia University (WVU) researchers to 8772 randomly
generated addresses within the state of West Virginia, with an emphasis on the southern half of the
state. The randomization of addresses was created by random draws from a third-party contractor
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database, following the methods outlined in a previous study focused on the northern part of West
Virginia and water quality perceptions [24]. Surveys have long been used in social science to collect
quantitative data from large samples, and they are commonly administered through mail, online,
or mixed survey modes [25]. Overall, when mail and online surveys are identical in design and
administration method, research has shown no significant differences in response rates or the nature
of the data resulting from survey mode [26]. In the present study, both a mail and email version of
the survey were distributed to potential respondents, following the methodology outlined by the
tailored design method [25]. This method uses personalization and repeated contacts to increase
the likelihood that an individual will complete and return the survey. Each study participant was
sent a hand-addressed packet of survey materials, which included a cover letter, a survey, and a US
postage-paid business-reply envelope [25]. The online survey followed the same schedule. The surveys
contained questions related to water quality perceptions, as well as information about the respondents
themselves, such as their education and income levels. Location and demographic questions were also
included in the survey.
Survey respondents were asked to rate the overall water quality of rivers, streams, and lakes near
their home in West Virginia. Responses to overall water quality perceptions were rated on 5-point
Likert scale, ranging from “very poor” (1) to “excellent” (5) water quality. Level of education and
income were measured as ordinal variables and coded numerically. Location data was collected via
coordinates assigned to the IP address on the email/online survey and the self-reported home zip
code in the mail-back survey. Locations derived from IP address were also validated by comparing
the automatically generated coordinates to the self-reported zip code information in the survey.
If the IP address coordinates were not accurate (e.g., different state, far from home zip code, etc.),
they were removed from analyses. All completed survey responses were then compiled into a shapefile,
within ArcGIS, to be used for spatial analyses. Data used in the analyses are available online and noted
as supplementary material to this manuscript.
Data were collected across 15 counties (Table 1) that span across a range of ~150 km in a north-to-south
direction and ~230 km in an east-to-west direction. The entire study area represents an area of ~21,000 km2 .
Mean elevation ranges from 218 m in the western counties to 777 m in the eastern counties. Furthermore,
the climate across the study area varies only slightly, with mean annual temperatures in the east ~9.5 ◦ C
and the west ~13 ◦ C, and mean annual precipitation ~105 cm in the east and ~109 cm in the west.
The eastern counties do receive a much larger mean annual amount of snow (~152 cm) than the western
counties (~35 cm), likely due to their higher elevation position in the mountains.
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Table 1. Study area elevation and socioeconomic statistics summarized by county. The random intercept for each county-level water quality perception score is also
provided for reference to the mixed-model framework.
County

Overall Mean
WQ Perception
Score

WQ Perception
Score Random
Effect Intercept

Mean
Elevation (m)

ARC
Economic
Status

Boone
Cabell
Fayette
Greenbrier
Kanawha
Lincoln
Logan
McDowell
Mercer
Mingo
Monroe
Raleigh
Summers
Wayne
Wyoming
Average

2.64
2.73
3.05
3.54
2.80
3.19
2.84
1.77
3.02
2.69
3.44
3.34
3.07
2.50
2.88
3.00

2.68
2.78
2.82
3.22
2.79
3.04
2.88
2.16
2.78
2.79
3.17
3.00
2.86
2.66
2.81
2.83

268.3
218.7
563.1
660.4
260.5
239.4
247.9
475.1
772.3
302.4
610.2
686.1
627.0
220.2
475.1
479.7

Distressed
Transitional
Distressed
Transitional
Transitional
Distressed
Distressed
Distressed
At-Risk
Distressed
At-Risk
At-Risk
Distressed
At-Risk
Distressed
-

Unemployment Per Capita
Rate
Income 2016
2014–2016 (%)
($ USD)
9.3
5.2
8.3
6.3
5.8
9.3
10.7
12.7
7.1
12.6
5.3
7.2
6.8
6.8
9.8
8.21

19,098
27,563
18,149
22,761
31,941
17,379
18,737
13,282
20,397
14,743
18,284
23,114
15,025
21,313
15,743
19,835

Poverty Rate
2012–2016 (%)

High School
Diploma
2012–2016 (%)

Bachelor’s
Degree
2012–2016 (%)

26.0
21.8
19.1
18.4
16.0
25.2
20.2
37.6
21.1
26.0
17.1
17.7
18.4
20.9
20.1
21.71

79.2
87.0
81.7
83.8
88.0
79.1
77.7
64.9
83.0
73.9
81.4
84.3
82.8
79.4
77.4
80.24

8.7
26.1
13.2
19.6
25.2
9.0
8.9
5.2
19.5
9.9
13.4
18.1
14.8
12.9
8.2
14.18
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2.2. Data Analysis
Completed surveys with accurate spatial information were also assigned to their respective
counties to allow for a county-level comparison of water quality perceptions across those grouped
as “transitional”, “at-risk”, and “distressed”. The Appalachian Regional Commission (ARC; https:
//www.arc.gov/) uses these categories within a multi-metric socioeconomic classification scheme to
identify counties which may be vulnerable to high poverty rates, low education level, etc. Counties
labeled as “distressed” rank in the bottom 10 percent of all United States counties with respect to index
values of unemployment rate, per capita market income, and poverty rate. Counties labeled as “at-risk”
and “transitional” rank in the bottom 10–25 percent and the middle 50 percent of all United States
counties, respectively. These categories were compared using one-way analysis of variance to identify
potential differences in water quality perception scores, and self-reported education and income level
scores. In order to evaluate the influence of county on water quality perception scores, we constructed
a linear mixed-effects model, using county as a random effect and income, education, distance to 2014
Elk River chemical spill, and elevation as fixed explanatory effects. This model was constructed in
package “lme4” [27], within the R statistical environment [28]. The significance of the fixed effects
elevation and reported income level was assessed using model comparisons of the full model and a
reduced model with each significant variable removed. A likelihood ratio test was then conducted
between the full and reduced model to evaluate the significance of the effect of each variable.
Spatial analyses were conducted in both ArcGIS (ESRI, Inc., Redlands, CA, USA), and package
“synchrony” [29] within the R environment. We calculated overall spatial autocorrelation in water
quality perception scores using Global Moran’s I and used a Getis-Ord General G hotspot analysis to
identify areas of high and low water-quality perception score clusters. We then calculated an empirical
semivariogram, using the location coordinates. We calculated the significance of the empirical
semivariogram, using 999 Monte Carlo randomizations, and compared different semivariance models
(i.e., spherical, exponential, etc.), using AIC and root mean square error to select the best fit to
the data. Using the best-fitting semivariance model, we created a kriging interpolation surface
across the 15-county area to help identify and visualize any significant hot and cold spots of water
quality perceptions.
3. Results
3.1. Survey Response and Socioeconomic Analysis
A total of 734 surveys were completed and returned (8.4% response rate overall). The mail-back
surveys had a higher response rate (14.1%) than the email surveys (6.7%). Of all the surveys which
were completed and returned via either method, a total of 508 (69.2%) surveys were completed with
respondents answering the question about the location of their home zip code. Responses were
obtained from 15 counties in Southern WV, with a mean of 33.9 ± 1.1 responses per county. The mean
(3.0 ± 0.04) overall water quality perception score was scored on a scale of 1–5, with five representing
the highest quality and one the lowest quality. The average response came from a resident with a
self-reported education level of “some college” and household income of $50,000–$74,999.
West Virginia is the only state entirely within the “Appalachian Region” as defined by the ARC.
The ARC criteria for the multi-metric index to classify counties into categories includes three-year
mean unemployment rate, per capita market income, and poverty rate (Table 1). These values are
then compared for each county to the US national average, to determine what percentile a particular
county falls within across the index values. Distressed counties are classified as being the bottom
10% of all US counties. At-risk counties are classified as the lower 10%–25% of all US counties,
and transitional counties are classified within 25%–75% of all US counties. Within our 15-county study
area, eight counties are classified as distressed, four are at-risk, and three are transitional (Table 1).
No counties were classified by the ARC as being competitive or attainment (the two highest performance
categories). Across all 15 study counties, mean three-year unemployment rate (8.2% ± 0.6%) is higher
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than the mean value for WV, the Appalachian Region, and the US (6.5%, 6%, and 5.4%, respectively).
The same pattern emerges with respect to study area poverty rate (21.7% ± 1.4%), when compared to
the same regional and national averages (17.7%, 16.7%, and 15.1%, respectively). Within the study
area, mean per capita income ($19,835 ± $1291) is lower than WV, Appalachian Region, and US means
($25,987, $29,765, and $40,679, respectively).
When comparing the survey response data across county classifications (i.e., distressed, at-risk,
and transitional), significant differences exist for overall water quality perception scores (F = 5.67;
p < 0.01), with the distressed county group having the lowest mean score (2.84 ± 0.07). Self-reported
education and income level differed significantly among county status groups (F = 5.75; p < 0.01;
F = 5.49, p < 0.01, respectively), with the distressed county group having the lowest mean score in both
response variables (4.5 ± 0.13 and 2.78 ± 0.13, respectively). The linear mixed effects model to describe
overall water quality perception scores returned elevation (χ2 = 5.62; p < 0.05) and reported income
level (χ2 = 7.92; p < 0.01) as the only significant fixed effects. Both elevation and reported income
showed a positive effect on water quality perception score, with elevation showing a slightly stronger
effect and income having an effect closer to zero (Table 2). Reported education level and distance from
the 2014 Elk River chemical spill were nonsignificant fixed effects. The random effect (intercept) of
county only explained 10.2% of the variance in the model following the fixed effects.
Table 2. Linear mixed model results for overall water quality perception score as the dependent variable
of interest. Note: * p < 0.05; ** p < 0.01.
Parameter

Estimate

Lower 95% CI

Upper 95% CI

Random
Effect—County (SD)

Intercept
Elevation *
Education
Income **
Distance from Elk
River Spill Site

2.828
0.199
−0.015
0.068

2.685
0.117
−0.038
0.044

2.972
0.282
0.007
0.092

0.30
0.30
0.30
0.30

−0.065

−0.136

0.007

0.30

3.2. Spatial Analysis
The locational data showed a significantly clustered pattern (Global Moran’s I = 0.04; p < 0.001)
with respect to the autocorrelation of water quality perception scores. Furthermore, the high values of
these water quality perception scores were more significantly clustered (Getis-Ord General G = 0.52;
p = 0.04) than would be expected if the underlying spatial arrangement were random. The empirical
semivariogram was fit with four models, each having a somewhat similar AIC and RMSE value.
The best-performing model used an exponential semivariance function (RMSE = 0.12; AIC = −95),
with maximum likelihood estimates of a range of 104.2 km, nugget = 0.74, and sill = 1.08 (Figure 1).
The kriging function produced a prediction surface (Figure 2), with root mean square error = 0.913,
mean standardized error = 0.032, root mean square standardized error = 0.986, and average standard
error = 0.928. A prediction standard error surface map also indicates relatively low prediction standard
error across the majority of the study area (Figure 3).
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east to elevations of approximately 1500 m and drops in the west to elevations around 170 m near
the Ohio River. Along this elevation gradient, influences from human development, such as mining,
agriculture, urbanization, and industrial activities, build cumulatively in a downstream direction.
Uncovering the significance of elevation on water quality perceptions is both logical and encouraging,
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in that residents are somewhat aware of the downstream processes which modify water quality
characteristics within the study area.
Both income and elevation were significant in explaining water quality perceptions in this study.
The most easily visible spatial gradient within the study area is elevation, moving from east to west in a
generally downhill direction. However, in some areas, the influence of socioeconomic factors seems to
override or modify the general trend of perception driven by elevation. For example, samples obtained
from McDowell County contained an average elevation of 475.1 m. Using the statistical relationship
within our model for elevation alone, we would predict an average water quality perception score of
around 3.26 within McDowell County. This contrasts greatly with the actual average value of 1.77,
indicating a strong influence of the local socioeconomic conditions within the county to lower the water
quality perception. McDowell County is a prime example due to its outstandingly low socioeconomic
status (<1st percentile nationally for ARC index statistics), but this influence may operate to varying
degrees and in both positive and negative directions across the landscape. Inequality of environmental
conditions and contamination adjusted by community characteristics of race and poverty level was
previously described as a way to define environmental justice, or lack thereof, in some cases [36].
Our findings in McDowell County, in particular, mirror this foundational theory, as lower-income areas
tended to have lower water quality perceptions. While the present study does not include data on
water quality concerns, lower perception scores could lead to higher levels of environmental concern.
For example, residents who have low/poor perceptions of their local water quality would likely view
their overall local environmental conditions negatively and thus be more highly concerned about
environmental conditions than those living in areas with high/positive perceptions of water quality and
the associated environment. This would align with extensions of the environmental justice literature,
which indicate higher environmental concern in low-income communities [37] and countries [38] due
to the increased risk of exposure to poor conditions.
Surprisingly, education level was not clearly related to water quality perceptions within our
study. Higher education level may increase awareness related to water quality and use dynamics [39].
This could be related to our study area, which contains relatively low values of residents with both
high school and bachelor’s diplomas. For example, within our study area, 80.2% of residents hold a
high school diploma. Within the greater Appalachian region and the entire US, those numbers rise
to 85.9% and 87%, respectively. For bachelor’s degree holders, the study area is 14.2%, while the
Appalachian region is 23.2%, and the US average is 30.3%. This relatively low level of education across
our study area may not allow a wide enough range of educational levels within the surveyed residents
to elucidate a relationship between this variable and water quality perceptions.
A notable finding of this study is the lack of a relationship between proximity to the 2014 chemical
spill on the Elk River and residents’ overall water quality perceptions. While the spill and the survey
samples were separated by four years of time, we suspected lingering effects of public perception
within a given distance to the location of the spill site. Time lags between environmental science
developments and public perception and understanding have been noted before with more theoretical
applications [40]. The chemical spill in January 2014 along the Elk River was declared a State of
Emergency by the WV Governor within hours of its discovery, so it is very likely none of our survey
respondents were unaware of the event, assuming they were residents of WV in 2014. The lack of a
relationship between proximity to the spill site and overall water quality perceptions may indicate a
lack of lag time beyond four years for the public perception of water quality in this type of point-source
pollution event. Perceptions of environmental concern and water quality have been shown to be
influenced by proximity to natural resource extraction activities (i.e., oil and gas wells, and mines) in
West Virginia [41]. However, this study showed slight effect sizes across small distances (5 km or less),
which contrasts with the spatial extent of the 2014 Elk River chemical spill used in this study.
Spatial analysis of environmental perception data is a useful way to explore and illustrate the
potential for coupled relationships of human and environmental systems. Pairing perceptions of
environmental quality metrics along with perceptions of human uses of the environment via activities
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like recreation holds great value for the management of complex settings [42]. Spatial clustering of
high and low environmental quality perception values offers insight to locations which may contain
tradeoffs for management of environmental conservation and human needs [42]. In the present study,
we demonstrate significant spatial clustering of water quality perception values within a region that
contains vast potential for tradeoffs between human and environmental coupled systems. For example,
high elevation areas hold higher scores for water quality perception but also contain mountains,
which produce coal and timber. Therefore, understanding the spatial patterns of these perceptions
illustrated in this work can lead to a more holistic view of these settings. Furthermore, spatial analysis
of perception score semivariance to elucidate the range of correlation in values using social data holds
great promise to examine the range of social autocorrelation across space. While typically used in
spatial analysis of environmental variables [29], the application of this technique to social perception
data helps define the range of distance at which social perceptions operate. This information is valuable
in defining the scale at which coupling of environmental and social systems occurs.
5. Conclusions
In this study, spatial patterns of public perceptions of water quality were illustrated within the
context of autocorrelation, as clustering and hot spots of water quality perception scores. Clustering of
environmental perceptions is logical, following theoretical constructs of a “sense of place” that emerge
to help define people’s relations to their region and environment via social and natural features of their
daily lives [43]. Clustering of water quality perceptions may be related to community features that help
drive issue-based activism or concern for the health and safety of a localized area [16]. We demonstrate
this potential across large spatial areas in Appalachia, with an upper limit of spatial autocorrelation
(statistically shown as semivariance range in the variogram) of 104 km. While this distance would
not represent a local community as in [16], it may elucidate spatial dependence of environmental
perceptions tied to larger regional processes, such as coal mining or agriculture. This finding represents
an avenue for further investigation of resident environmental perceptions across space, using more
layered and complex suites of covariates. These types of analyses may solidify connections and more
closely approximate the reality of socially driven environmental concern and stewardship.
Supplementary Materials: Data used are available at https://github.com/randrew4/spatial-water-qualityperceptions. Please contact the authors for specific information about the survey design and questions used.
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